The information content (relative entropy) of transcription factor binding sites (TFBS) is used to classify the transcription factors (TFs). The TF classes are clustered based on the TFBS clustering using information content. Any TF belonging to the TF class cluster has a chance of binding to any TFBS of the clustered group. Thus, out of the 41 TFBS (in humans), perhaps only 5 -10 TFs may be actually needed and in case of mouse instead of 13 TFs, we may have actually 5 or so TFs. The JASPAR database of TFBS are used in this study. The experimental data on TFs of specific gene expression from TRRD database is also coinciding with our computational results. This gives us a new way to look at the protein classification-not based on their structure or function but by the nature of their TFBS.
Introduction
The human and mouse genome projects [1, 2] revealed that in eukaryotes the coding region is very less than expected before. Human genome contains approximately 30,000 genes that represent less than 2% of the whole genome. Unlike in most prokaryotic genomes that contain packed gene units with few intergenic regions, repeated and non-coding sequences that do not code for proteins make up the remaining part of the human genome. Gene expression and its regulation involve the binding of many regulatory transcription factors (TFs) to specific DNA elements called Transcription Factor Binding Sites (TFBS). The region 200-300 bp immediately upstream of the core promoter is the proximal promoter that has abundant of TFBS. Further upstream is the distal promoter region that usually contains enhancers and few TFBS. TFBS are represented by relatively short (5-10 bp) nucleotide sequences. Specificity of TF is defined by its interaction with TFBS and it is extremely selective, mediated by noncovalent interactions between appropriately arranged structural motifs of the TF and exposed surfaces of the DNA bases and backbone [3] . The ability of the cell to control the expression of genes under different developmental and environmental conditions is still poorly understood. Identifying functional TFBS is a difficult task because most TFBS are short, degenerate sequences occurring frequently in the genome. The non-coding sequences play a crucial role in gene regulation hence the computational identification and characterization of these regions is very important.
Substitution matrices are widely used to score biological sequence similarity and in database search tools like BLAST [4] and FASTA [5] . The elements of these substitution matrices are explicitly calculated from observed frequencies of aligned nucleotides and expected frequencies of the nucleotides. The information in these matrices depends on the quantification approach like evolutionary models, structural properties and chemical properties of aligned sequences [6] [7] [8] [9] [10] . The PAM-Point Accepted Mutation [11, 12] matrices are based on alignments of closely related sequences and by using these PAM matrices one can estimate observed frequencies to any desired evolutionary distance by extrapolation. In BLOSUM-BLOcks SUbstitution Matrices [13] the observed frequencies are estimated by using the ungapped segments of multiple sequence alignments of protein families and avoids extrapolation to different evolutionary distances. We have developed conventional substitution matrices for the analysis of TFBS and the developed substitution matrices are optimally suitable for TFBS only. The main focus of our study is to find the functional classification of TFBS in human and mouse with the help of average mutual information content, which is calculated by using neighbor-independent (4×4 matrices) and neighbordependent (16×16 matrices) nucleotide substitutions. Neighbor-independent and neighbordependent substitution matrices have been used to describe the non-coding sequences [14] [15] [16] like core promoter region [17] and TFBS [18] [19] [20] [21] . TFs have been structurally classified based on sequence features of TFBS [22] and it has been also shown that a pair of TFs may have a co-localized TFBS [23] .
Although non-coding DNA constitutes majority of most eukaryotic genomes, relatively little is known about its function or the nature of its functional classification. Here we characterize the functional classification of human and mouse TFBS with the help of information content.
Characterizing the pattern of clustering within TFBS allows us to explore the nature of their functional classification.
Materials and methods

TFBS data sets
The sequences in JASPAR database [24] (Table 1 ) and studied only the TFBS for human (Table 2 ) and mouse ( Table 3 ). The sequences in this database are organized in a FASTA format and also contain the frequencies of the four bases for the selected positions. 
Calculation of information content from TFBS
Information content is calculated from the mono and dinucleotide substitution matrices of multiple aligned sequences (already aligned in the database used). Mononucleotide substitutions ( Figure 1A ) in multiple aligned sequences will give neighbor-independent nucleotide substitution matrices. The replacements are calculated in each column of the block and the summed results of all columns are stored in a 4×4 matrix. The total number of nucleotide pairs (observed frequency, ,
s s − and the total number of nucleotides (expected frequency, i p ) in the block is ws , where s is the number of nucleotides in the given position and w is the block width. The resulting 4×4 matrix is used to calculate the "log-odds" (usually logarithm of base 2) and is given by , 
Noise computations
To ascertain the reliability of the results, we have computed the information content based on a sample sequence (of length 20 nucleotides) selected at random. The sample sequence was subjected to a BLAST search against the respective genome (NCBI sample BLAST with default parameters) and BAC clone sequences were excluded from the results. Finally, 18 best matches for human genome and 14 best matches for mouse genome were taken. The information content was computed based on neighbor-independent and neighbor-dependent procedures as described above. These values are indicated in the histograms as horizontal dotted lines. These values reflect the typical random sequences present in the respective genome to be considered as a reference for comparison. The statistical errors (standard errors) are also indicated in the histograms in the conventional way.
Functional classification of TFBS
We have used the information content as a basis for classification of the results obtained. We stress that the actual protein sequences were not involved in this computations-only their TFBS. The plotting was done using the PHYLIP suite of software [27] . We have used only the UPGMA and plotting packages from this suite. UPGMA -Unweighted Pair Group Method with Arithmetic mean [28] is a simple data clustering method used for the creation of phylogenetic trees. Here the input data is a collection of information content values of TFBS and the output is a clustered tree. Initially, each object is in its own cluster. At each step, the nearest two clusters are combined into a higher-level cluster. The distance dij between any two clusters ( ) C i and ) ( j C is taken to be the average of all distances between pairs of objects from each cluster.
denote the number of sequences in clusters i and j, respectively. Distance matrix is developed for drawing the tree with DRAWGRAM of PHYLIP. Note that the labels in the graphs have been taken from the class-names of the proteins (as given in the database) involved and therefore can occur at multiple places.
Results
The information content calculated for the 41 and 13 TFBS of human and mouse respectively is presented as a histogram in Figure 2 . The dotted line shows typical values of information content for random sequences as a reference of comparison. The error bars (standard errors) calculated on the basis of the elements of the information content matrix (4×4 matrix for the neighbor-independent and 16×16 matrix for the neighbor-dependent) are shown on the histograms in the usual way (they are sufficiently small to be invisible for the graphs on the right Figure2: 1B and 2B).
One interesting pattern that is noticed in the two graphs is that they are quite similar but not same. In particular when we compare graphs in Figure 2 , we find that neither the largest peaks nor the smallest peaks correspond with each other. We conclude that the consideration of the neighbor dependence provides additional information but the broad features are similar (strong peaks remain big and weak peaks are also weak in both).
We also note another aspect with respect to the random sequence information content. The random sequence chosen is not expected to correspond to a TFBS. If we consider the neighbor-independent plot (Figure 2: 1A and 2A), the information content of the random sequence is 0.3211 and 0.3863 bits for human and mouse respectively (this corresponds to the dotted horizontal line). We note that these random sequence information content values are nearly mean to the actual TFBS information content values (here random sequence representing actual TFBS). When we consider the neighbor-dependent graphs (Figure2: 1B and 2B) the information content of the random sequence is 2.101 and 2.227 bits for human and mouse respectively (this corresponds to the dotted horizontal line) we note that only one (for humans) or two (for mice) are above the line. This suggests that there exists a strong and specific correlation between the neighbor nucleotides in the TFBS regions. This correlation is significantly different from the typical genome regions (as represented by the dotted line). Even though the neighbor-dependency is observed in TFBS, the information content values of both neighbor-independent and neighbor-dependent substitution matrices are used for clustering analysis. The trees (Figure 3 and Figure 4 ) represent the clustering of TFBS. In a tree, each node with descendants represents the functional group of TFBS that has close information content values. We believe that one factor may bind to multiple TFBS and cause initiation of transcription of a group of proteins. The results of the clustering suggest that this is likely to be the possible event.
gene regulation in TRRD. These results show that the computational results are comparable with the experimental results. 
Discussion
The information content (relative entropy) of TFBS is used to identify the TF classes required to regulate a specific gene expression. When we look at two TFBS, we have information in the form of the differences in between these two TFBS, a measure that we can interpret as the distance between the TFBS. If a small distance separates two TFBS then they may have a common TF binding site.
We note that apparently diverse proteins are placed closely in the classification given in this study. This is not surprising as their TFBS are likely to be very similar. This suggests that these groups of proteins may be needed together and they may share the same transcription factors. Thus, out of the 41 TFBS (in humans), perhaps only 5-10 or so transcription factors may be actually needed (instead of 41 different transcription factors). For the mouse TFBS, instead of 13 transcription factors, we may have actually 5 factors. The JASPAR database TFBS are used in this study. The experimental data of TFs of specific gene expression from TRRD database is also coinciding with our computational results. This gives us a new way to look at the protein classification-not based on their structure or function of TFs -but by the nature of their transcription factor binding sites.
